Abstract. Correlations between suspended sediment load rating parameters, river basin morphology, and climate provide information about the physical controls on the sediment load in rivers and are used to create predictive equations for the sediment rating parameters. Long-term time-averaged values of discharge, suspended load, flow duration, flow peakedness, and temporally averaged values of precipitation, temperature, and range in temperature were coupled with the drainage area and basin relief to establish statistical relationships with the sediment rating parameters for 59 gauging stations. Rating parameters (a and b) are defined by a power law relating daily discharge values of a river (Q) and its sediment concentration C s , where C s ϭ aQ b . The rating coefficient a (the mathematical concentration at Q ϭ 1 m 3 /s) is inversely proportional to the long-term mean discharge and is secondarily related to the average air temperature and the basin's topographic relief. The rating exponent b (the log-log slope of the power law) correlates most strongly with the average air temperature and basin relief and has lesser correlations with the long-term load of the river (which is related to basin relief and drainage area). The rating equation describes the long-term character of the suspended sediment load in a river. Each river undergoes higher-frequency variability (decadal, interannual, and storm event) around this characteristic response, controlled by weather patterns and channel recovery from extreme precipitation events.
Introduction
Predicting the solid load of a river has long been a goal of engineers, hydrologists, sedimentologists, and many other earth scientists [Leopold et al., 1964] . Sediment is carried downstream as bed load (moved along the river bed by rolling, skipping, or sliding) and suspended load (fully supported by fluid flow and maintained by fluid turbulence). Bed load is flow-dependent, difficult to measure but relatively easy to predict [Wang et al., 1998] . A number of equations have been derived to predict bed load transport [Bagnold, 1966; Church, 1972; Lewis and Hwang, 1986; Syvitski et al., 1987] , which depends on the local riverbed conditions (slope, bed composition, and flow velocity). With rare exception, bed load accounts for Ͻ10% of a river's total solid transport and often Ͻ1% [Meade et al., 1990] . Suspended load is source-dependent, comparatively easy to measure but hard to predict well [Syvitski et al., 1987] . Suspended load appears to be an integration of the river basin characteristics above the measurement site. The more volumetrically important suspended load is the focus of this paper.
A river's suspended load depends on source environments and supply conditions. Vegetative cover, drainage basin geology, level of glaciation, rainfall intensity, climate trends, topographic relief, and man's impact are all known to influence the rate of sediment production and transport [Milliman and Meade, 1983; Meade et al., 1990; Wang et al., 1998 ]. Field measurements have provided detailed databases for specific drainage basins and thus a statistical understanding of the relation between the suspended concentration and the discharge [Syvitski et al., 1987] . Rating relationships ( (1) and (2)) provide an empirical method to convert discharge hydrographs into sediment load estimates [Syvitski and Alcott, 1995] . The statistical relationship between suspended sediment concentration or load and stream discharge is called the rating curve [Syvitski et al., 1987] and commonly takes the power law form
where C s is the sediment concentration (M/L 3 , kg/m 3 ), Q is the discharge (L 3 /T, m 3 /s), and a (see below) and b (dimensionless) are the sediment rating coefficient and exponent. The rating coefficient a contains information for converting discharge Q into sediment concentration C s and information about the offset of the rating line in log-log space. The rating coefficient has variable units and depends on the value of the rating exponent b:
or (kg/m 3 ) (s/m 3 ) b . The suspended load Q s (M/T, kg/s) of a river is similarly related to the discharge by the same rating coefficients:
Owing to the complexity of the problem a theoretical relationship for sediment load has not yet been derived. A first step to developing the theory of suspended sediment transport is to gain a better understanding of the strength of each of the potential source terms. This paper is a preliminary attempt to quantify the strength of the potential source and controlling terms and derive empirical relationship between gross river basin characteristics and suspended sediment load.
Scientists and engineers use rating curves and the resulting suspended sediment transport rate for a large variety of purposes [Meade et al., 1990; Mulder and Syvitski, 1995; Syvitski and Morehead, 1999; Morehead and Syvitski, 1999] . Engineers use sediment transport rates for predicting the life span of a dam on a river, determining the dredging frequency for river and harbor transportation routes, and understanding the influence of dredging for construction materials. Hydrologists and other earth scientists use suspended sediment data for studying erosional and depositional environments, developing or maintaining fish habitat, and characterizing polluted marine and riverine sedimentary deposits.
The reason we need an empirical relationship is that most of the world's rivers have not been gauged or do not have their stream flow and suspended sediment data readily available. Of the rivers that have been gauged, very few are presently being monitored for sediment load. Models do exist which are able to predict the discharge of ungauged basins and for varying climate scenarios in gauged and ungauged basins Syvitski et al., 1998a] . However, the sediment rating coefficients are typically estimated with large error from nearby monitored rivers (which may also have large errors in their coefficients) having similar climatic and geologic features. Thus it is difficult to estimate the transport of sediment at the dynamic (daily) level of individual rivers. This paper outlines a method to approximate the coefficient a and exponent b of rating curves from general basin parameters that can be found in atlases and other easily attainable sources. We utilize a large number of rivers to obtain our equations for deriving the sediment rating parameters, hopefully, generating generalized rather than site-specific equations. Future research should focus on the outliers in this analysis, which would be used to further refine the equations and increase the level of confidence of the predicted rating parameters.
Background
Our search for the factors controlling suspended sediment between rivers started by looking at the factors controlling the variability in the suspended sediment of a single river. The rating equations discussed above ((1) and (2)) assume a relationship between discharge and sediment load. Natural variability leads to a cloud of points around the rating line, often forming rating patterns or consistent temporal variations in the discharge-sediment load relationship. These rating patterns can vary from the simple to the complex and are very much time-dependent. Seasonality often influences the sediment rating patterns [Syvitski and Alcott, 1995] and produces hysteresis loops readily seen if one plots C s against Q for that season. For example, a river may be fed by ice fields that release turbid water in the summer, in contrast to the less turbid but higher discharge levels of spring floods in response to snow melt [Hickin, 1989] , producing a counterclockwise pattern on a concentration versus discharge graph or a negative hysteresis loop. A river dominated by snow discharge may show a positive hysteresis loop since it experiences its highest sediment concentrations during the spring freshet [Syvitski et al., 1987] . These and other studies on hysteresis [Richards, 1984; Kostaschuk, 1989; Willis, 1996] indicate that suspended sediment concentration is dependent on the runoff source (snow melt, glacial melt, rain, and groundwater).
Along with rating patterns a river's rating parameters can vary on a number of different temporal scales. Figure 1 is a log linear plot of the rating parameters for the Liard River calculated over different time intervals. For example, the Liard data set consists of ϳ9 years of data. For each of those years we calculated the rating parameters and plotted the resulting parameters (shaded circles) on Figure 1 . A similar set of calculations was done for the monthly time intervals (squares). The rating parameters calculated with the entire time series are shown by the diamond. A strong correlation was found between the rating parameters for the monthly data, with 99.4% of the variance in the rating parameter a being explained by its relationship with the rating coefficient b. All of the rivers with a good correlation between discharge and sediment load had strong correlations between the rating parameters at all time intervals.
Monthly variability in a river's rating parameters (caused by changes in the sediment load) reflects the rivers response to weather events (Figure 1 ), i.e., a dry spell, increased convective storms, monsoons, etc. Flooding caused by storms in the Pacific Northwest have been known to cause hysteresis [Beschta, 1987] as well as changes in the mean rating parameters. Seasonal fluctuations in the rating parameters may reflect seasonally changing sources of water and sediment [Nordseth, 1976; Syvitski and Alcott, 1995] : for instance, ice melt versus snowmelt versus rainfall versus groundwater supply.
Interannual variability of a rivers rating curve is often influenced by climate trends, recovery from extreme events (extended droughts or major flooding), or human-induced changes in the basin [Fenn, 1989] . For example, the recovery of the Eel River from the December 1964 400 year return interval flood was associated with an immediate departure and then a 4 year drift in its exponent (b) back toward the river's longterm average value (i.e., from b ϭ 1.37 in 1965 to b ϭ 1.03 in 1969; Figure 2 ). Figure 2 shows the interannual variability in the sediment rating parameters for the Eel River in northern California and shows the recovery of the river network from a major flooding event. Figure 2a shows all of the ϳ20 years of suspended sediment data (dots) collected by the U.S. Geological Survey (USGS) on the Eel River at the town of Scotia (1995 WATSTOR database, USGS). The lines (Figure 2a) are Figure 1 . An inverse exponential relationship between the rating coefficient a and exponent b exists over a wide range in timescales. Relationships are based on data from the Water Survey of Canada daily measurements at the Liard River station near its mouth (at the junction with the Mackenzie River).
the rating parameter relationships for each water year (October to October). Figure 2b shows the annually calculated rating coefficient a, while Figure 2c plots the annually calculated rating exponent b. Strong changes in the annual rating parameters are clearly observed following the 1964 flood. A large variation in the rating parameters is also seen during low rainfall and discharge in 1976.
Examples of other rating patterns and rating parameter variations can be found in many publications [e.g., Milhous, 1986; Syvitski et al., 1987; Walling and Webb, 1987; Mulder and Syvitski, 1995] . We particularly draw attention to the discussion by Reid and Frostick [1987] , who suggest for arid rivers that values of the rating coefficient a are high (100 -80,000) and values of the exponent b are low (0.2-0.7) (e.g., Il Kimere, northern Kenya; Rio Grande, northern Mexico; North Qishon, Israel; and Rio Puerco, northern Mexico). In contrast, they found the reverse for temperate and humid rivers (e.g., Alpenrhein, Austria; Mississippi, United States; White River, Washington; and Elbe, Germany) with values for the rating coefficient ranging from 0.004 to 40 and the rating exponent ranging from 1.4 to 2.5. Also of note is the work of Julien [1996] , who suggests that b changes with the physical process (e.g., snowmelt and rainfall).
In addition to the temporal variability in the rating parameters, we looked at when rivers transport a majority of their sediment load. For many rivers most of the annual sediment load is transported in just a few days of the year during peak flood conditions. North American rivers, for example, transport 50% of their load in 1% of the time and between 80 and 90% of their load during 10% of the time [Meade et al., 1990] . At the most extreme, the Eel River, which drains the steepsloped coast mountains of California, delivered more sediment in 3 days in 1964 than had been carried in the previous 8 years combined [Brown and Ritter, 1971] . Similarly, the Var (France), a small river with typical Mediterranean behavior, can deliver in one day-long flood an amount of sediment equivalent to its annual load [Mulder et al., 1998 ].
In searching for the sources of change in the rating parameters it is important to understand the ranges over which the parameters vary and how these changes affect the sediment load of a river. Owing to all of the natural and man-made factors the rating exponent b typically varies from 0.5 to 1.5 and will rarely exceed 2.0 [Nash, 1994; Mulder and Syvitski, 1995] , while the rating coefficient a varies over seven orders of magnitude. It is important to note that although the rating coefficient a varies by orders of magnitude, the rating exponent b is an exponent, and the discharge varies by several orders of magnitude, so that small changes in the rating exponent b are just as important to the resulting sediment load as large changes in the coefficient a.
A number of factors combine to create the suspended sediment load in a river (long-term climate, weather events, and discharge type (rain, snow, glacial, and groundwater)). The time-averaged sediment load characterizes the denudation response of a particular catchment area, so that basin parameters like total relief and area are thought to affect the sediment load. Following Milliman and Meade [1983] , Milliman and Syvitski [1992] , Nash [1994] , Syvitski [1995, 1996] , Wang et al. [1998] , and Syvitski and Morehead [1999] , this paper concentrates on the long-term basin dynamics between rivers in an attempt to find the first-order forcing mechanisms on the suspended sediment load.
Data
The data set (Table 1 ) used for these analyses includes the rating coefficients and associated environmental data from North American rivers. This section first discusses the criteria used to objectively select the rivers in Table 1 from a larger database. Following the discussion of the criteria used to select Reg.
Green R at Green River, UT the rivers, we outline the various columns of data presented in Table 1 . Initially, every river for which the daily measured data (discharge and sediment concentration) were available to us was included in the analyses. This allowed a consistent analysis among all of the rivers. Two primary data sources were used. The first is the 1995 WATSTORE database of the National Water Data Exchange (NAWDEX, U.S. Geological Survey, see Nash [1994] for discussion). The second is the 1995 HY-DAT river discharge database of Canadian rivers [Binda et al., 1986; Water Survey of Canada, 1995] . Additionally, we include published values from the Rhine, a European river strongly influenced by dredging [Eisma et al., 1982] , and the large and turbid Yangtze River, China [Shi et al., 1985] .
Preliminary analysis of the data revealed that it was necessary to exclude some rivers. The exclusion of these rivers was done to remove some of the outliers in order to gain a clearer picture of "standard" river conditions. This will build a framework in which future efforts can focus on the outliers and the causes for their deviations, which in turn, will strengthen the analysis done here. Figure 3 provides the decision pathway we used in discriminating among river stations.
First, we used only stations having Ͼ3 years of continuous or Ͼ1000 days of noncontinuous data. This decision branch provides us with rivers whose response to sediment yield reflects longer-term basin dynamics and not, for example, recent extreme events that would otherwise bias our interriver comparison (i.e., Figure 2 ). There are hundreds of rivers across the United States and Canada with some sediment concentration data, but there were only 126 rivers meeting the minimum requirement.
The second criterion (Figure 3 ) ensures that all supporting geomorphic and climatic data were available for each gauging station. These data included maximum basin elevation, basin relief (maximum elevation minus gauging station elevation), drainage area, surface air temperature (mean temperature, mean of maximum daily air temperature, mean of minimum daily air temperature, and temperature range), and precipitation. Necessary environmental data were obtained from the global historical climatology network (GHCN) version 2 database [Peterson and Vose, 1997] . Lack of supporting data reduced the number of rivers we could analyze down to 105 rivers. The third criterion (Figure 3 ) ensures that all rivers were of sufficient size in terms of discharge. D. B. Bahr and J. P. Syvitski (personal communication, 1998 ) conducted a theoretical evaluation of why creeks are unable to absorb sources of noise in their networks: With too few branches, creeks are unable to reasonably average their flow properties. This poor averaging results in violation of Horton's laws, which contributes to noise in power law relationships between creek parameters. Therefore we limited our data set to include rivers with a mean annual discharge Ͼ20 m 3 /s, which removed 31 creeks, leaving 74 rivers with sufficient data for the analysis.
Our fourth criterion (Figure 3 ) removed stations with low correlations (R 2 Ͻ 0.25) in their power law relationships (equation (1)) between Q and C s . Figure 4 shows example of two contrasting power relationships. The North Saskatchewan River (Figure 4a ) has a strong correlation (R 2 ϭ 0.82) between the sediment concentration and discharge. However, the Colorado River (Figure 4b ) has nearly no correlation between sediment load and discharge (R 2 ϭ 0.04). Whereas most rivers have a significant rating curve like the North Saskatchewan, there exits a subset of stations showing little statistical significance to their rating curve. Since those rivers with a low correlation violate the assumption that sediment load can be predicted from discharge, they are not included in the analysis of the relation between sediment load, discharge, and basin parameters. Such stations are often situated at the exits of large lakes and dams or experience seasonally complex sources of water and sediment. A good example of this last case is the Colorado River at Cisco (Utah) where water from snowmelt in the Rocky Mountains comprises most of the volume of the water discharge, yet most of the sediment is being supplied from small local drainage basins which are forced by convective summer precipitation (Figure 4b ) [Pitlick and Van Steeter, 1998 ]. This mismatch between the water and sediment sources causes a seemingly uncorrelated relationship between sediment concentration and discharge. Examples of humaninfluenced rivers include those which flow is modified by irrigation drainage, mostly in the plains of central Canada. Of the rivers with sufficient data, 17 were removed for low correlation between sediment load and discharge. Table 1 provides our final data set based on 57 gauging stations located on 49 rivers. Table 1 includes the latitude and longitude for each station and a designation of whether the river was regulated by man or was with natural flow: Over half of the flows were regulated to some extent. In addition to the environmental data and rating parameters, we provide mean discharge and mean solid load calculated from the daily values. Many rivers have longer water flow records than sediment concentration records. As such, our mean discharge values may be different from those reported in previous studies [e.g., Milliman and Syvitski, 1992; Nash, 1994] for we have calculated mean discharge solely on the basis of periods when sediment concentrations in the river were measured. This coregistration of data is an important feature of our data set. Our final data set includes drainage areas that range from the 720 km 2 Redwood River, California, with a mean annual discharge of 35 m 3 /s, to the 1,680,000 km 2 Mackenzie River (measured at Arctic River, Northwest Territories), the latter having a mean discharge of 6374 m 3 /s ( Table 1 ). The data set represents a wide range in basin size, geology, and climate.
From the daily flow records we calculated two additional parameters that are thought to influence the sediment load of rivers. Intermittent rivers are thought to have high sediment loads, so we defined flow duration (FD, dimensionless) to identify rivers with significant flow for only a portion of the year:
where T Fi is the number of days per year when the daily discharge is greater than one fourth of the mean discharge:
A measure of how high the discharge gets above mean flow is the peak flow anomaly (PFA), a dimensionless value defined as
PFA is the ratio of the average of the annual peak discharges Q p to the mean discharge Q . Figure 5 is an example of the PFA and FD using 15 years of discharge data from the Peel River in the Northwest Territories. The daily measurements are plotted (dots) with horizontal lines showing the mean of the annual peak discharges, the mean discharge, and one fourth of the mean discharge Q fd .
Analysis and Discussion
The frequency distributions of the environmental data from the 57 river basins (Table 1) were examined ( Figure 6 ) for normality and to determine if a biased data set had inadvertently been selected. Many of the river basins had maximum elevations clustered in the 2000 -4000 m range with total basin relief being normally distributed. Drainage area, suspended load, discharge, and the rating coefficient a have lognormal distributions. Many of the basins experience moderately dry conditions, and all of the annual precipitations are Ͻ2 m. There appears to be an oversampling of rivers with year-round flow ((3), large flow duration) and with small peak flow anomalies (equation (5)), but this may be a normal condition of most rivers. The temperature statistics (i.e., range, minimum, maximum, and mean) are all normally distributed, particularly the mean basin temperature. The rating exponent b is normally distributed, although its range of values is narrow. There is a paucity of gauging stations between 42.5Њ and 46ЊN (United States), causing the distribution of stations with latitude to have a bimodal distribution. With a few exceptions it appears that the river basin data used in these analyses are well distributed throughout their respective ranges.
A number of the environmental variables (Table 1) were found to not be independent variables. Therefore certain variables were selected to represent the group of dependent variables and the remaining variables were removed from further analyses. For example, the various temperature terms are all strongly correlated and are not independent variables. The mean temperature and temperature range were chosen to represent this group of variables. Basin relief was also chosen to represent maximum elevation.
Principal component analysis (PCA) [Syvitski, 1991; McCuen, 1985; Haan, 1977] was used to determine the relative strength of the relationships between the rating parameters (a and b) and each of the environmental factors selected from Table 1 . PCA automates the procedure of determining the strength of the correlation between a number of individual variables and it determines the strongest multivariate relationships. A summary of the results of the final PCA using the selected basin variables is shown in Table 2 .
The correlation matrix of Table 2 shows the relative variance explained between any of the two variables. The correlation matrix shows strong colinearity (or correlation) between some of the independent variables [SAS Institute, 1998 ]. Forward and backward stepwise selection techniques do not always choose the same model owing to the close relationship between independent variables in regression studies. If variables appear in one model but not the other, the variables may be too closely related to provide useful information, and one of them should be removed. If the relationships among independent variables are strong, results can be difficult to interpret and sometimes meaningless. In stepwise regression, one indication of colinearity is the sign of the estimated coefficient for a particular variable changing depending on which other independent variables are included in the model. A plot of residuals versus independent variables might be useful when colinearity is suspected among the independent variables. In our case, because there existed colinearity among some variables, we were able to eliminate a number of the variables a priori (T max , T min , and T avg are examples).
Perhaps most striking in the correlation matrix of Table 2 is the strong negative exponential relationship between the rating parameters ( Figure 7 ) with an R 2 of 0.73. Given our previous findings for individual rivers (Figure 1 ), this perhaps is not surprising. However, our analysis began with no a priori reason for there to be a relation between a and b between individual rivers. The strength of the relationship suggests that there are physical controls on North American rivers which create a natural balance between the two rating parameters, yielding the observed correlation. Since the rivers utilized cover a range in climatic and geologic regimes, we would expect rivers throughout the world to also have similar physical controls on the rating parameters.
The correlation matrix was subjected to R mode factor analysis, which is summarized by the unrotated factor, communality, and orthogonal solution matrices in Table 2 . The three factors (determined from the product of variable-defined eigenvectors and the reciprocal square root of their associated eigenvalues) of the unrotated factor matrix show groupings of variables with high correlations. Eighty-five percent of the data variance is described by these three unrotated factors. The factor loadings of the unrotated factor matrix are a measure of how strongly each variable contributes to the respective grouping and can be interpreted like correlation coefficients [Syvitski, 1991] . This indicates that three groups of variables are highly related in a statistical sense and that these groupings can explain a statistically significant portion of the data variance of the correlation matrix.
We call the first factor the sediment rating factor since it has high loadings from long-term discharge and the two rating parameters. We call the second factor the erosion factor because it is dominated by sediment load, range in basin temperature, and the discharge peakedness. The third factor, called the climate factor, has high loadings from precipitation.
The communality matrix provides the total proportion of variance of an individual variable that may be estimated from a single factor using a squared multiple correlation (SMC). One factor (a linear combination of selected variables) is all that is needed to predict the two rating parameters (a and b) or any other variable. When two or more factors are utilized to estimate a parameter, then the final estimate will account for more variance than the SMC.
The principal component matrix was rotated orthogonally (varimax), so that each rotated factor would define a distinct cluster of interrelated variables, yielding the orthogonal solution matrix. Varimax is a style of orthogonal rotation used in factor analysis such that the number of variables with high loadings on a single factor is minimized. The varimax rotation tends to maximize the correlations between highly related groupings of variables and minimize the correlations between the unrelated variables. We label the three rotated factors as (1) sediment rating factor (high loadings of a, b, log (Q s ), Q, and relief), (2) erosion factor (high loadings of Q s , mean temperature, temperature range, and discharge character (FD and PFA), and (3) climate factor (high loadings of drainage area, mean temperature, and precipitation). These factors are indicators of which variables will yield the strongest multiple correlations for predictions of the rating parameters.
Further clues into which parameters are important in con- Figure 6 . Binned frequency distributions, the rating parameters, and their related environmental properties (Table 1) show that all the parameters can be approximated by Gaussian distributions.
trolling the rating parameters can be found in previous studies.
Milliman and Syvitski [1992] examined causal parameters affecting sediment yield and found that basin relief and drainage area are important in predicting a river's long-term sediment load (Figure 8 ). Basin relief and drainage area encompass a number of physical factors affecting sediment load, including precipitation and tectonic uplift. As the size of a basin increases, the range in geologic features within the basin will increase along with the range in climatic zones. However, the larger river basins are more effective at averaging this range in climate and geology into a more consistent (between river basin) sediment yield with the larger basins having lower total sediment yield. As the basin elevation increases (usually related to higher yields), so does the erodability of exposed rocks in association with tectonic uplift, an increase in the number of freeze-thaw cycles, less vegetation, and possibly the presence of glaciers. Figure 9 shows a couple of examples of the relationship between the measured rating coefficient a and three of the basin variables (mean discharge, basin relief, and flow duration). Of all the river basin variables the mean annual discharge Q has the strongest correlation with the rating coefficient a with an R 2 of 0.65. This indicates that larger rivers tend to have a smaller y intercept in the log-log space of the sediment rating curve and a steeper slope (since a and b are inversely proportional; Figure 1 ). Basin relief is also negatively correlated with the rating coefficient (although to a lesser degree than discharge), indicating that basins with larger mountains have a smaller y intercept. Smaller y intercepts and the related steeper slopes of the sediment rating curves indicate that a river is more "reactive." For our purposes, reactive means that if two rivers undergo the same increase in discharge, the more reactive river will have a larger change in sediment load than the less reactive river.
Many of the relationships that we derive from the factor analysis depend on knowing or estimating either the mean annual discharge Q or the mean annual sediment load Q s . The mean annual discharge can be estimated through a comparison of similar gauged rivers or through a river basin model like HYDROTREND [Syvitski et al., 1998a] .
Previous work has also shown that the mean annual sediment load of a river can be estimated using the basin relief and basin area. Syvitski [1995, 1996] examined rivers draining 80% of the world's land area and determined a gen- Figure 7 . An inverse exponential relationship exists between the rating exponent b and rating coefficient a among the various rivers in Table 1 . eral relationship for predicting the total annual sediment load of rivers. Syvitski and Morehead [1999] proposed a balance between two dimensionless variables: a gravity-driven sediment yield term (left side of the equation) and a potential energy term (the right side of the equation):
where Q s is the mean long-term sediment load (kg/s), H is maximum river basin elevation (m), A is basin area (m 2 ), is grain density (ϳ2650 kg/m 3 ), g is acceleration due to gravity (9.8 m/s 2 ), and ␤ and are constants of proportionality. The variables in (6) were chosen knowing that sediment-driven flows (turbidity currents and debris flows) are controlled by similar terms incorporating factors like gravity, area, and height [Choi and Garcia, 1995] . The exponents for the variables were chosen to make each side of the equation dimensionless, which helps collapse the solution to a more robust form. Solving (6) for Q s and using ϭ 1.5 (from regression analysis on the data by Milliman and Syvitski [1992] ) yields:
where ␣ ϭ ␤g 1/ 2 ϭ 0.00002 (M/L 1.5 T). Equation (8) has been applied to a database of 230 rivers throughout the world (Figure 8 ). The value of ␣ appears to be related to temperature, as a lower value of ␣ was found to be a better estimator of high-latitude rivers. Syvitski et al. [1998b] suggest a value of ␣ ϭ 10 Ϫ6 for cold northern rivers. With that alteration to ␣ for estimating the load of snow-dominated, permafrost-influenced rivers, (8) accounts for 75% of the data variance of the 230 river data set. Since the river stations utilized by Mulder and Syvitski [1995] are adjacent to the ocean, the maximum basin elevation is the same as basin relief.
The next step is to derive a series of equations for predicting the rating coefficients. To predict the rating parameters for an individual river, we rewrite (2) 
The discharge Q and sediment load Q s of (9) and (10) are the instantaneous values. If we assume a similar estimator of the long-term rating parameters between rivers should exist (a ), then a should be a function of long-term averaged values of Q , Q s , and b . Applying a multiple regression to the data in Table 1 , we find the following relationship:
where Q is in units of m 3 /s, Q s is in units of kg/s, and b is dimensionless. This equation uses all measured values and represents the natural variability of the rivers in the database. Equation (11) has an R 2 of 0.93, which is a practical upper limit to the variance that we can expect to explain using our methods of predicting the rating parameters. Equation (11) represents a relatively good fit to the data with 93% of the variance being explained. Most of the remaining 7% of the variance is assumed to be due to natural variability in riverine systems. A small portion of the 7% may be due to sampling problems, including (1) the length of the time series because some of the rivers in the database contain just over 3 years of data and may not have captured the long term mean conditions, (2) the fact that the sediment load of rivers is probably not a stationary process and that climate (and probably sediment load) has been undergoing change in the later part of the twentieth century when most of the measurements were made [Syvitski and Andrews, 1994] , and (3) the fact that over the half of the rivers are regulated in some form and the hydrological influence of man can be substantial [Meade et al., 1990] . Table 3 lists a number of formulas for estimating the rating parameters (Figures 10 and 11) . Each formula uses a different set of basin properties so that they could be used by a researcher with limited information on the river basin. The percentage of the variance explained (R 2 ) is included for each equation. The first set of equations, for the mean conditions (a , b ), are discussed above and represent the variance due to natural variability of river basins. The remaining equations (for a2-a5 and b2-b4) can be used as predictive equations, with different levels of confidence depending on the river basin data available.
As discussed above, the mean annual discharge Q and the mean annual sediment load Q s can be estimated from known equations or models for ungauged basins. An interesting feature of our analysis is that precipitation does not contribute a very large portion of the explained variance. However, precipitation is indirectly included in the equations through the mean annual discharge, which is affected by both the total annual rainfall and the rainfall distribution through the year.
The 93% variance explained for a represents the natural variability of the rivers in our database and should be thought of as an upper limit on the amount of variance explained through predictive equations using this data set. The 70 -75% variance explained by the predictive equations (a2-a5) represents a large portion of the 93% and is considered very good by the authors, considering that we are using gross river basin parameters to do the predictions. Similarly, with the rating Figure 10 . Predictions of rating coefficient a are compared to observations from 57 gauging stations on 49 rivers (Table 1) 
Here a, rating coefficient ((kg/s)/(m 3 /s) b ); b, rating exponent (unitless); Q, annual discharge (m 3 /s); Q s , long-term sediment load (kg/s); Lat, latitude (ЊN); T, mean annual air temperature (ЊC); R, basin relief (m); PFA, peak flow anomaly (unitless). exponent b, 87% represents the natural variability of the river systems, and the 51-58% variance explained by the predictive equations is relatively good.
An interesting feature of our analysis is that the latitude of the rivers is a strong predictor of the sediment rating parameters (Table 3 , a2 and b2). Latitude obviously does not have a physical control on the sediment load of rivers but represents a proxy for other controlling variables, possibly climate related.
The variable correlating the strongest with the rating coefficient a is the mean annual discharge Q, which accounts of 65% of the variance. Some of the other variables that would not be expected to contribute much to the multiple regressions (like relief, Figure 9 ) actually improve the predictability by a marked amount (adding relief increases the variance explained from 65 to 70%). Mean basin temperature can also improve the variance explained by ϳ3%, whereas the peak flow anomaly (which would be hard to estimate for an ungauged basin) contributes a small amount (1%) to the variance explained. For the rating exponent b the largest single contributor to the variance explained is the mean annual sediment load Q s . The mean annual sediment load must be estimated for an ungauged basin and may contain a large amount of error. Therefore a predictive equation (b3) was derived which does not include the mean annual sediment load. The b3 equation is dependent on mean annual temperature and basin relief only, both of which should be easy to estimate for most basins.
Test Cases
Owing to the small number of rivers with sufficient data to include in this database (Ͻ60) we did not feel that the data set could be split in order to perform an initialization of the equations with one set of rivers and a quantitative test of the equations with a second set. Therefore we used all the rivers in the initialization to provide the most robust coefficients possible for the equations in Table 3 . Two tests were performed to evaluate the robustness of the equations in Table 3 . Owing to not having a sufficient number of data sets outside of those used to generate the predictive equations these tests are more of a qualitative rather than quantitative nature.
To test for the combined effect of the predictive equations (Table 3 , a4 and b4), the sediment load can be calculated using the rating equation (equation (2)) and the mean annual discharge. When the measured rating parameters from Table 1 were used and the estimated sediment load was compared to the measured mean annual sediment load, 82% of the variance was accounted for. These estimated sediment loads do not exactly match the mean annual sediment loads because the mean annual discharge is not necessarily the discharge which carries the mean annual sediment load. For further discussion of this phenomenon the reader is referred to the concept of effective discharge outlined by Nash [1994] . When the predicted rating coefficients (from a4 and b4) were combined in (2) with the mean annual discharge of each river, 74% of the variance was explained. This is remarkably close to the 82% of the variance explained by the measured rating parameters. Figure 12 plots the sediment loads using the measured rating parameters against the sediment load from the predicted rating parameters and shows a good correlation with 78% of the variance explained.
The second test applied the multiple regression equations of Table 3 to a recently acquired (by the authors) data set for the Garonne River [Maneux, 1998] in France, which flows into the Gironde Estuary (45ЊN) and then onto the Atlantic Ocean. The Garonne River has a long-term discharge of 650 m 3 /s and drains a 53,100 km 2 basin area with headwaters in the Pyrenees Figure 11 . Predictions of rating exponent b are compared to observations from 57 gauging stations on 49 rivers (Table 1) The predicted sediment load compares well with the measured sediment load. The measured load was determined using the calculated rating coefficients from Table 1 . The predicted load was calculated from the predicted rating coefficients using a4 and b4 from Table 3 . Both loads are determined at the mean discharge.
(i.e., R ϭ 3308 m). The basin's averaged temperature is 13ЊC. The measured rating curve (equation (1) These estimated values are in close agreement with the measured values and could be used for the dynamic estimation of concentrations for given daily values of discharge.
Conclusions
We have examined environmental variables that may affect the estimation of the time-averaged (t Ն 3 years) rating coefficients (C s ϭ aQ b ) for rivers of discharge Ͼ20 m 3 /s. The data have a large amount of natural variability, and some variability is due to the limited length of the time series for many of the rivers, climate trends in the later part of the twentieth century, and the influence of man.
The rating coefficient a can be estimated with knowledge of (1) average river discharge (or estimates from field precipitation data, climate models, and satellite data); (2) basin relief (satellite altimetry and digital elevation models); and (3) average basin temperature (field data, climate models, and satellite data). The rating exponent b can be estimated with knowledge of (1) long-term sediment yield (geomorphic data: (8) (2) basin relief, and (3) average temperature. Rating coefficient a is inversely proportional to the magnitude of the long-term discharge and basin relief and directly proportional to temperature. Rating exponent b is directly proportional to the longterm suspended load and basin relief and inversely proportional to temperature.
The relationships provided in this paper allow predictions of rating parameters for ungauged basins. These relationships hold promise in defining the ambient dynamic response of ungauged rivers and thus allow the evaluation of human perturbations and the effect of extreme weather events. Work is under way to apply these relationships to data poor regions of the world. Our first test case, with the Garonne River of France, has favorable results. It will also become important to modify these relationships to include the effects of low-latitude rivers (below 30ЊN, the present limit of our data). At lower latitudes, chemical erosion may begin to play an important role, and different relationships may need to be developed.
Future studies are needed to refine these rating parameter relationships (Table 3) . For instance, we use relief as the simple difference between the elevation of gauging station and the headwater. A more spatially averaged relief value may improve the relationships. Given digital elevation models, new spatially integrated proxies of relief could be obtained and used.
Finally, we have examined the long-term averaged values behind a river's sediment rating curve. It remains a future challenge to include the influence of the short-term dynamics (i.e., the invariably present hysteresis effects), the impact and recovery of major floods, and the nonstationary climate trends within the 21st century.
